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SEGMENTATION OF RETINAL BLOOD
VESSELS IN OPTICAL COHERENCE
TOMOGRAPHY ANGIOGRAPHY IMAGES

This application claims the benefit of U.S. provisional
patent application Ser. No. 62/522,592, filed Jun. 20, 2017,
for SYSTEM FOR SEGMENTATION OF RETINAL
BLOOD VESSELS USING OPTICAL COHERENCE
TOMOGRAPHY, incorporated herein by reference.

FIELD OF THE INVENTION

Methods for automated segmentation system for retinal
blood vessels from optical coherence tomography angiog-
raphy 1mages include a preprocessing stage, an initial seg-
mentation stage, and a refining stage. Application of
machine-learning techniques to segmented images allow for
automated diagnosis of retinovascular diseases, such as
diabetic retinopathy.

BACKGROUND OF THE INVENTION

The retinal vasculature 1s an essential structure in the
retina and has a high impact on the quality of human vision.
Changes 1n blood vessels 1n the retina have close relation-
ships with many systemic, metabolic, and hematologic dis-
cases. The morphology of the retinal vasculature can be used
to 1dentily and classity the severity of some diseases. Its
status 1s an essential diagnostic aid 1n ophthalmology. In
addition, 1t allows patients to be treated 1n the early stages
of a disease and before advanced and 1rreversible pathology
has developed. Therefore, the segmentation and analysis of
the retinal vasculature’s features can assist the ophthalmolo-
gi1sts 1n detecting these changes.

Blood vessel segmentation involves partitioning a digital
image into blood vessel segments and background segments,
and yields information about the location of blood vessels
and variations 1 vessel diameter. However, the precise
segmentation of the retinal blood vessels 1s considered a
challenging task. This 1s because of the nature of the
background, variety of vessel sizes, low contrast of images,
and potential presence of pathologies, such as hemorrhages
and microaneurysms. Most common segmentation tech-
niques produce broken or disconnected segments. The seg-
mentation of the retinal blood vessels from color and gray
fundus 1mages 1s not etflicient, because of the low resolution
of the extracted images. Furthermore, the fundus 1mages do
not provide detailed information about the blood vessels in
different retinal layers and sufler from the lack of depth
information. Threshold-based segmentation techniques pro-
duce significant errors with respect to similarities 1 gray
levels between the blood vessels and the background.
Region growing segmentation techniques are sensitive to the
location of the seed point. Observation and manual mea-
surement of blood vessel changes are very complex tasks
that require highly trained persons. Therefore, a need exists
for automatic systems to segment and diagnose the changes
in the retinal blood vessels.

Retinal blood vessels can be extracted from several retinal
imaging modalities to estimate the status of the retinal
vascular network. These 1imaging modalities include color
fundus 1maging, fluorescein angiography (FA), and optical
coherence tomography angiography (OCTA). OCTA uses
laser light reflectance of the surface of moving red blood
cells to depict blood vessels through different segmented
regions of the eye. An OCTA scan of a patient’s retina
comprises multiple individual A-scans, which are compiled
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into a B-scan providing cross-sectional structural informa-
tion. The technique uses multiple B-scans taken over a

period of time to detect vanations in the intensity and/or
phase features of the OCT signal resulting from the move-
ment of blood. OCTA can detect erythrocyte movement that
allows direct visualization of blood vessels 1 vivo without
the use of exogenous dyes. It 1s a non-1nvasive modality that
demonstrates neovascularization and capillary abnormali-
ties, which are critical in the detection and management of
some diseases, such as diabetic retinopathy (DR).

SUMMARY

Disclosed herein 1s an automatic segmentation system for
retinal blood vessels from OCTA mmages. The system seg-
ments blood vessels from superficial and deep retinal maps
for normal and diabetic cases. Broadly, the system includes
a first preprocessing stage of reducing the noise and 1mprov-
ing the contrast of the OCTA 1mages by using the General-
1zed Gauss-Markov random field (GGMRF) model and
regional dynamic histogram equalization (RDHE) model. A
second stage includes integrating three segmentation models
to create an 1nitial segmentation of retinal blood vessels, the
models being the initial intensity model, the current intensity
model, and the spatial higher order joint Markov-Gibbs
random field (HO-MGRF) model. A third stage includes
refining segmentation by extracting connected regions using
a 2D connectivity filter. The proposed segmentation system
was tested on 23 normal data sets and 24 data sets for
diabetic patients. Three diflerent metrics were used to evalu-
ate the accuracy and robustness of the segmentation system,

which are Dice similarity coethicient (DSC), absolute vessels
volume difference (VVD), and area under the curve (AUC).

The results on OCTA data sets (DSC=95.04+3.73%,
VVD=8.5121.49%, and AUC=95.20x£1.52%) show the
promise of this segmentation system.

The disclosed segmentation system may have multiple
applications, including but not limited to, early diagnosis of
DR, early diagnosis of glaucoma, early diagnosis of macular
edema, early diagnosis of hypertensive retinopathy, early
detection of age-related macular degeneration, analysis of
blood wvessels 1n different part of the body, measuring
different biomarkers to indicate unnoticeable changes 1n the
retina, and integration with other retinal modalities, such as
OCT 1mages, to assess the health of patients” eyes.

The disclosed segmentation system provides several
advantageous {features, including but not limited to (1)
extracting the whole retinal vasculature network from
OCTA mmages, which helps in the early diagnosis of many
diseases; (2) integrating different image features to produce
high accuracy results; (3) extracting different retina bio-
markers from the segmented image, such as vessels density,
foveal avascular zone area, and vessels bifurcations; (4)
processing a new 1image modality for the retina (1.e., OCTA),
which can provide more information about the retina and
retinal blood flow than other modalities, such as fundus
images; (5) utilizing OCTA, a non-invasive technology that
does not require dye injection or special treatment; (6)
extracting the vessels in different retinal maps, such as deep
and superficial retinal maps 1n OCTA scans; and (7) provid-
ing the ability analyze depth information, unlike current
segmentation technologies which mostly use fundus 1mages,
which lack the depth information that exists 1n the retina.

This summary 1s provided to introduce a selection of the
concepts that are described in further detail 1n the detailed
description and drawings contained herein. This summary 1s
not itended to 1dentily any primary or essential features of
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the claamed subject matter. Some or all of the described
features may be present 1n the corresponding independent or

dependent claims, but should not be construed to be a
limitation unless expressly recited in a particular claim.
Each embodiment described hereimn i1s not necessarily
intended to address every object described herein, and each
embodiment does not necessarily include each feature
described. Other forms, embodiments, objects, advantages,
benefits, features, and aspects of the present invention will
become apparent to one of skill in the art from the detailed
description and drawings contained herein. Moreover, the
various apparatuses and methods described 1n this summary
section, as well as elsewhere i this application, can be
expressed as a large number of different combinations and
subcombinations. All such usetul, novel, and inventive
combinations and subcombinations are contemplated herein,
it being recognized that the explicit expression of each of
these combinations 1s unnecessary.

BRIEF DESCRIPTION OF THE

DRAWINGS

A better understanding of the present invention will be
had upon reference to the following description in conjunc-
tion with the accompanying drawings.

FIG. 1 depicts examples of OCTA 1mages: (a) the super-
ficial map for normal case, (b) the deep map for normal case,
(¢) the superficial map for mild DR case, and (d) the deep
map for mild DR case.

FIG. 2 1s a schematic diagram depicting the proposed
segmentation system for retinal blood vessels in OCTA
scans.

FIG. 3 depicts the step-by-step blood vessels segmenta-
tion to retinal superficial map for mild DR patient: (a) the
onglnal image, (b) the output of LCDG, (¢) the smoothed
image after applying GGMRE, (d) the prior intensity model,
() the joint MGRF segmentation, (1) the final segmentation.

FI1G. 4 depicts the result of the GGMRF model for a DR
case: (a) the ongmal retinal superficial map, (b) the
smoothed retinal superficial map, (¢) the original retinal
deep map, and (d) the smoothed retinal deep map.

FIG. 5 depicts an example of superficial map segmenta-
tion for normal case: (a) the original 1image, (b) the ground
truth, (c¢) the Soares et al. output, (d) the Nguyen et al.
output, (e¢) the Azzopardi et al. output, (I) the proposed
segmentation system output.

FIG. 6 depicts an example of deep map segmentation for
normal case: (a) the original image, (b) the ground truth, (c)
the Soares et al. output, (d) the Nguyen et al. output, (¢) the
Azzopardl et al. output, (1) the proposed segmentation
system output.

FIG. 7 depicts an example of superficial map segmenta-
tion for mild DR case: (a) the original image, (b) the ground
truth, (c) the Soares et al. output, (d) the Nguyen et al.
output, (e¢) the Azzopardi et al. output, (I) the proposed
segmentation system output.

FIG. 8 depicts an example of deep map segmentation for
mild DR case: (a) the original image, (b) the ground truth,
(¢) the Soares et al. output, (d) the Nguyen et al. output, (¢)
the Azzopardi et al. output, (1) the proposed segmentation
system output.

FIG. 9 depicts (a) an original OCTA 1mage, (b) the image
resulting from the disclosed segmentation methods absent
RDHE and GGMRF preprocessing, and (c¢) the image result-
ing from the disclosed Segmentatlon method with RDHE
and GGMRF preprocessing.

FI1G. 10 depicts FAZ areas for normal and mild DR cases.

Row 1 depicts superficial maps for normal cases. Row 2
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depicts deep maps for normal cases. Row 3 depicts super-
ficial maps for mild DR cases. Row 4 depicts deep maps for
mild DR cases. Column A depicts original OCTA 1mages.
Column B depicts images after segmentation according to
the method disclosed herein. Column C depicts the extracted

FAZ areas.

DETAILED DESCRIPTION OF TH.
PREFERRED EMBODIMENTS

s

For the purposes of promoting an understanding of the
principles of the invention, reference will now be made to
selected embodiments 1llustrated in the drawings and spe-
cific language will be used to describe the same. It will
nevertheless be understood that no limitation of the scope of
the invention 1s thereby intended; any alterations and further
modifications of the described or illustrated embodiments,

and any further applications of the principles of the inven-
tion as 1illustrated herein are contemplated as would nor-
mally occur to one skilled in the art to which the mnvention
relates. At least one embodiment of the mnvention 1s shown
in great detail, although i1t will be apparent to those skilled
in the relevant art that some features or some combinations
of features may not be shown for the sake of clarity.

Any reference to “invention” within this document 1s a
reference to an embodiment of a family of inventions, with
no single embodiment including features that are necessarily
included 1n all embodiments, unless otherwise stated. Fur-
thermore, although there may be references to “advantages™
provided by some embodiments of the present invention,
other embodiments may not include those same advantages,
or may 1nclude different advantages. Any advantages
described herein are not to be construed as limiting to any of
the claims.

Specific quantities (spatial dimensions, dimensionless
parameters, etc.) may be used explicitly or implicitly herein,
such specific quantities are presented as examples only and
are approximate values unless otherwise indicated. Discus-
sions pertaining to specific compositions of matter, 1f pres-
ent, are presented as examples only and do not limit the
applicability of other compositions of matter, especially
other compositions of matter with similar properties, unless
otherwise indicated.

Mathematical notations used herein: Let R={(i, j): 1=ixl,
1<j<J} be a pixel location matrix of the image, Q={1,

., Q} be the gray levels’ set in integer form, and L={0,
1} indicates a finite 2D arithmetic lattice that is upholding
gray scale image and its blood vessels and background
region maps. Let g={gij: (i, ))ER, 21,j€Q} and m={mi,j: (i,

ER, mijEL} be a gray scale image taking values from Q,

1.e., m: R—=L, respectively.

FIG. 1 shows examples of retinal superficial (FIGS. 1A
and 1C) and deep (FIGS. 1B and 1D) OCTA maps for both
normal (FIGS. 1A and 1B) and DR (FIGS. 1C and 1D) cases.
The retinal superficial map comprises a projection of the
vasculature in the retinal nerve fiber layer (RNFL) and
ganglion cell layer (GCL). The retinal deep map presents a
composite of the vascular plexuses at two borders. The first
1s the border of mmmer nuclear layer (INL) and the outer
plexiform layer (OPL). The second 1s the border of the inner
plexiform layer (IPL) and INL.

The proposed blood vessel segmentation system 1s
designed to extract the retinal vascular structure from OCTA
scans automatically. Therefore, 1t can be analyzed and used
as an indicator of systemic vascular and retinovascular
diseases.
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Algorithm 1 describes the main steps of the proposed
segmentation technique. FIG. 2 shows the main steps in
schematic form and FIG. 3 shows the step by step illustra-
tion of the main stages of the proposed segmentation tech-
nique.

Algorithm 1—the Proposed Segmentation System

Input: OCTA superficial and deep maps (10)

Traiming data: OCTA superficial and deep maps manually
labeled by experts (12)

1. Preprocessing (14)—Noise Reduction & Contrast

Improvement:

Apply RDHE to adaptively enhance the contrast (16).

Use LCDG to calculate an imitial threshold value (18).

Smooth the image by applying 2D GGMRF (20).

2. Imitial Segmentation (22)—A Jomnt MGRF Image
Model:

Create the prior intensity model (P, (m)) from the train-

ing data (24).

Create the current intensity model (P(glm)) by applying
LCDG (26).

Create the spatial higher order Markov-Gibbs random
field (HO-MGRF) model (P;;{m)) to enhance the
overall accuracy of the data (28).

Generate the joint Markov-Gibbs random field (MGRFEF)
model (P(g,m)=P(glm)P, (m)P;{m) (30).

3. Refinement (32)—Final Segmentation:

Label the result by applying the NB classifier (34).

Apply the connectivity analysis for the result to create the
final segmentation (36).

The preprocessing stage 1s responsible for the noise
reduction and contrast improvement for the OCTA 1mages.
The mitial segmentation stage includes an integration of
three different segmentation models, which are the prior
intensity model, which 1s generated from a set of training
images that are manually labeled by one or more experts, the
current intensity model, which 1s based on a modified
version of the Expectation Maximization (EM) technique,
and the higher-order spatial model, which 1s based on a
MGRF model. The HO-MGRF model 1s used 1n addition to
the 1st order intensity model to consider the spatial infor-
mation 1n order to overcome the low contrast between blood
vessels and other tissues. Initial segmentation i1s obtained
using a joint Markov-Gibbs model that integrates all three
models. The refining stage produces a final segmentation by
applying a Naive Bayes (NB) classifier for labeling and
analyzing the connected components to refine segmentation
results.

Preprocessing—RDHE and GGMRF

The preprocessing stage 1s designed to reduce the noise
ellect (remove inconsistency) and to improve the contrast of
the OCTA mmages. Initially, OCTA signals (gray levels) are
uniformly distributed across the OCTA 1mages. To achieve
this, the regional dynamic histogram equalization (RDHE) 1s
applied. The image 1s divided into blocks of x rows by y
columns. Then, dynamic histogram equalization 1s applied
for each block to adaptively enhance the distribution of the
gray levels. Therefore, the histogram 1s remapped by each
block, and the pixel’s value 1s adapted to its location 1n the
histogram of the block.

Secondly, to improve the contrast of the OCTA 1mages, a
new approach was developed that integrates adaptive esti-
mation of the threshold and the Generalized Gauss-Markov
random field (GGMRF) model. An 1nitial gray level thresh-
old that separates the blood vessels from the background is
calculated by using the linear combination of discrete
Gaussian (LCDG) model with negative and positive discrete
Gaussian components. The mixed empirical 1D distribution
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of OCTA pixels 1s separated into two distinct components,
which are the vessels and background components. This 1s
followed by a refinement step to smooth the mput OCTA
image to avoid unwanted distortions and noise by utilizing
the GGMRF model. GGMRF 1s an iterative energy mini-
mization method 1n which the re-estimations are considered
as measurements samples. The continuity 1s amplified by
utilizing 1ts maximum A posteriori (MAP) estimates using
the pixels 8-neighborhood.

At the 2D location s(1,1), a gradient descent optimization
is used to calculate the MAP estimator (X s) of the gray level
value (x_) utilizing the 2D GGMRE, as shown 1n Equation 1
below:

(1)
-i:s — EiI‘gII]J |.?C5 — isla + ﬁﬁlﬁz ns,rl-xs R -%slﬁ}
reN

A

where X7s is the neighbors of xs. The parameter a&{1, 2}
calculates the Gaussian, which has a value equals to 2 for
prior distribution of the estimator. The parameter p&[1.01,
2.0] cogs the smoothing level, which has a value of 1.01.
The parameter ns.r 1s the GGMRF potential that 1s equal to
1.414. The parameters p and A are the scaling factors, which
have the values 1.0 and 5.0, respectively. The previous
values of the parameters are used to increase the homoge-
neity of the images and to keep the edges. Finally, the
calculated MAP estimator 1s supplied as a smoothed mnput to
the 1nitial segmentation stage. FIG. 4 shows the original and

smoothed 1images by the GGMRF model for both the super-
ficial and deep maps for a DR case, respectively.

Initial Segmentation—the Joint MGRF Model (P(g,m))

A smoothed OCTA 1mage (g) and 1ts map (m) are depicted
using a joint probability model (P(g,m)), which integrates
three different probability models. First, the P, (m) repre-
sents the prior gray information that 1s generated from a set
of training data, which are gathered from various subjects
and manually labeled by experts. For the data depicted
herein, the prior gray information was labeled by three
experts. Second, the P(glm) model presents a conditional
distribution of all images. It approximates the marginal gray
level probability distributions of the vessels and the back-
ground tissues. Finally, the P (m) model 1s a Gibbs prob-
ability distribution with potentials V. It 1dentifies the HO-
MGRF of spatiality homogeneous maps m. These models
are described below in more detail.

Prior Intensity Model (P, (m)):

This model 1s created from training data for a set of OCTA
images. It uses the gray intensity information of the OCTA
images and the Fuclidean distance measure. To estimate
P, (m), a database for a set of manually labeled 1images of
the two 1mage classes (vessels and background) 1s estab-
lished by using the gray level values. For each class 1, a
matrix M, 1s constructed by aggregating all the gray values
of the pixels of that class from all training 1images. For each
pixel p in the tested gray image, the Euclidean distances d,,
between p and all training matrices M, are calculated. For
cach class 1, the total number of pixels N are calculated,
which are at distances lower than a predefined threshold T.
Finally, P, (m) for each class 1s determined with respect to
the total number of pixels 1n the processed image. This Prior
Intensity Model 1s generally known to skilled individuals 1n
the field of medical 1imaging.
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Current Intensity Model P(glm):

The main purpose of this model 1s to precisely approxi-
mate the marginal gray level probability distributions of the
vessels and the non-vessels (background) or P(glm). Here,
the P(glm) 1s precisely approximated using the LCDG model
of the conditional marginal signal distribution, which 1s built
on an enhanced version of the EM algorithm. This model fits
the discrete empirical distribution better than other conven-
tional Gaussian densities. The LCDG model of (P(glm)) of
the mtensity distribution has positive (Cp) and negative (Cn)

discrete Gaussian (DS), as shown in Equations 2 and 3
below:

Cp Ch (2)
P(g | m) = P(g) — Z Wp,rw(q | Qp,r)) — Z WH.M(% 9}1,!)
=1 =1

Y(g|0) =Polg +0.5) —Dglg —0.5) (3)

where q=Q=1, 2, . . ., Q and Zqzlgf(q)ZI. The term ¢,(q)
1s the cumulative Gaussian probability function with a
shorthand notation 6=(u,0”) for its mean (1) and variance
(0”). The weights (W, and w, ) are non-negative values and
their sum 1s equal to one.

Higher-order Spatial P .{m) Model:

In addition to the current and prior intensity models, the
spatial relationships of the OCTA 1mages are considered. We
employed an HO-MGRF model P, {m) to enhance the
overall accuracy of OCTA 1mage and account for the inho-
mogeneity of the images’ gray level. It describes the spatial
interactions between the OCTA data pixels. This higher-
order model adds to the traditional pairwise cliques the
families of the triple and quad cliques. Let C_ denote a
tamily of a-order cliques of an interaction graph. This graph
1s constructed with nodes in the 2D lattice sites p=(1,) and
edges that connect the imteracting sites. The label interac-
tions are modeled by a spatially homogeneous MGRF with
up to fourth-order interactions over the nearest 8-neighbor-
hood pixels, as shown 1n Equation 4 below:

(A

DD Valmli, (i, pec)

l\ﬂf:]. Ci= C&_r

(4)

Poy(m) = - CXp

where 7 - 1s the partition function that normalizes the prob-
abilities. The parameter A 1s the clique families that describe
the graph interactions. Finally, V=[V : {0, . . . , L}—
(—oo, ©): a=1, . . ., A] 1s a collection of Gibbs potential
functions V _ for the tamilies C .

Finally, the joint MGRF model P(g,m) 1s calculated by
multiplying the three resulting models. As mentioned pre-
viously, these three models are the prior gray intensity model
(P, (m)), the first order intensity model (P(glm)), and the
HO-MGRF model (P, {m)), as shown in Equation 5 below:

P(g,m)=Pp (m)P(glm)P g {m)

Refinement

This stage 1s responsible for generating the final segmen-
tation result. It has two main steps, which are labeling and
connectivity analysis. For the labeling step, the NB classifier
1s applied to the resulting joint MGRF model to label each
pixel i the processed image. NB estimates the class of each
pixel (k=1, 2, . . . , K) 1n the image depending on the
maximum probability value, as shown in Equation 5 below:

(3)
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(6)

Cyp = argmax P(g, m)k
kell,2,... K}

Where K represents the total number of pixels 1n the 1mage.
P(g.m), 1s the joint MGRF probability of the current pro-
cessed pixel (k). Therefore, the value of C,, ;5 indicates the
label of each pixel in the image whether 1t 1s a vessel or
background pixel.

The final segmentation 1s generated by applying the
connectivity analysis to the labeled data to enhance the
connectivity of the segmented blood vessels. An 8-con-
nected neighborhood 1s used herein for each tested pixel.
First, all pixels 1n the image are scanned and assigned a label
that 1s generated from the last step. Then, the equivalence
class 1s resolved by using union-find algorithm. Finally, the
pixels are relabeled depending on the resolved equivalence.
Theretfore, the result 1s the final segmentation of the retinal
blood vessels from the OCTA scans.

Experiment

The proposed blood vessel segmentation system was
tested on 47 data sets (23 data sets for normal cases and 24
data sets for mild DR cases). The images were captured from
a ZEISS AngioPlex OCT Angiography machine, a vascular
imaging platform that provides non-invasive images of
blood flow 1n the eye. The AngioPlex OCT Angiography
machine generates six various maps of blood vessels in
addition to B-scan flow. These maps are retinal VRI, super-

ficial, deep, avascular, choroid, and choriocapillaris. We
conducted our proposed segmentation system on the retinal
superficial and deep maps with size 1024x1024. OCTA was
performed on 6x6 mm? sections centered on the fovea. The
segmentation method was trained on 32 data sets and tested
on 15 data sets.

The performance of the proposed system was evaluated

by using three various metrics, the absolute vessels volume
difference (VVD), the Dice similarity coetlicient (DSC), and

the area under the ROC curve (AUC).

VVD i1s the relative absolute vessel difference between the
results of the tested model and the ground truth (GT)
segmentations. The DSC measures relative correspondence
between two areas regarding their true/false positive and
negative parts. The lower the value of VVD and the higher
the values of DSC and AUC, the more accurate the blood
vessel segmentation. DSC, VVD, and AUC are calculated by
using Equations 7, 8, and 9, respectively, with Equations 10
and 11 mforming Equation 9.

DSC 2TP (7)
- FP+2TP+FN
SegmentationArea— GT Area (8)
VVD = 100x
GT Area
Sensitivity+ Specificit 9
AUC = ensitivity+ Speciticity (9)
2
conctiviion 1P (10)
ensitivity = BT N
coocipoivg T (11)
peciticity = T PP

where TP 1s the true positive value that indicates the total
number of correctly classified pixels of the blood vessels.
TN 1s the true negative value that presents the correctly
classified pixels of the background. FP is the false positive
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value that indicates the total number of the misclassified
pixels of the background. FN 1s the false negative value that
represents the total number of the misclassified pixel of the
blood vessels.

The metrics were evaluated by comparing the results of
our proposed system to the GT information that was gen-
crated and labeled by three different retina experts. The
segmentation system disclosed herein was compared with
three other segmentation systems, which are Soares et al. (.
V. B. Soares, J. J. G. Leandro, R. M. Cesar, H. F. Jelinek, M.
J. Cree, Retinal vessel segmentation using the 2-d gabor
wavelet and supervised classification, IEEE Transactions on
Medical Imaging 25 (9) (2006) 1214-1222), Nguyen et al.
(U. T. Nguyen, A. Bhuiyan, L. A. Park, K. Ramamohanarao,

An effective retinal blood vessel segmentation method using

multi-scale line detection, Pattern Recognition 46 (3) (2013)
703-715), and Azzopardi et al. (G. Azzopardi, N. Strisciug-
lio, M. Vento, N. Petkov, Trainable {COSFIRE} filters for
vessel delineation with application to retinal 1images, Medi-
cal Image Analysis 19 (1) (2015) 46-57).

FIG. 5 shows an example of the segmentation process of
the retinal superficial map for a normal case. It illustrates the
original image, the GT, and the segmentation outputs for all
tested systems in addition to the result of our proposed
system. Table 1 lists the average results of DSC, VVD, and
AUC for all tested segmentation systems. Similarly, FIGS.
6, 7, and 8 show examples of blood vessel segmentation of
a retinal deep map for a normal case, a superficial map for
a mild DR case, and a deep map for a mild DR case,
respectively. Tables 2, 3, and 4 list the average results of
DSC, VVD, and AUC for all tested segmentation systems of
a retinal deep map for a normal case, a superficial map for
a mild DR case, and a deep map for a mild DR case,
respectively.

TABLE 1

The comparative segmentation accuracy for the superficial map for the
normal cases.

Tested Systems DSC VVD AUC

0.8036 = 0.0060
0.6917 = 0.0039
0.7762 = 0.0065
0.9541 = 0.0032

0.3564 = 0.0350
0.0585 = 0.0243
0.3625 = 0.0523
0.0911 £ 0.0066

0.8225 £ 0.0032
0.6923 + 0.0038
0.7951 £ 0.0060
0.9559 = 0.0031

Soares et al.
Nguyen et al.
Azzopard: et al.
Proposed System

TABLE 2

The comparative segmentation accuracy
for the deep map for the normal cases.

Tested Systems DSC VVD AUC

0.8193 = 0.0099
0.6975 = 0.0054
0.7899 = 0.0125
0.0911 = 0.0066

0.3243 = 0.0499
0.0418 = 0.0308%
0.3553 = 0.04%2
0.0681 = 0.014%

0.8357 = 0.0061
0.6980 = 0.0051
0.8084 = 0.0098
0.9640 = 0.0055

Soares et al.
Nguyen et al.
Azzopard: et al.
Proposed System

TABLE 3

The comparative segmentation accuracy
for the superficial map for the mild DR cases.

Tested Systems DSC VVD AUC

0.8002 = 0.0093 0.3681 = 0.0516 0.8201 £ 0.0051
0.6885 = 0.0040 0.0648 = 0.0326 0.6893 + 0.0039

Soares et al.
Nguyen et al.
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TABLE 3-continued

The comparative segmentation accuracy
for the superficial map for the mild DR cases.

Tested Systems DSC VVD AUC

0.7710 = 0.0091 0.3794 £ 0.0681 0.7914 + 0.0079
0.9511 = 0.0107 0.0972 = 0.0136 0.9531 = 0.0101

Azzopardi et al.
Proposed System

TABLE 4

The comparative segmentation accuracy for
the deep map for the mild DR cases.

Tested Systems DSC VVD AUC

Soares et al. 0.8248 + 0.0181 0.2983 + 0.1245 0.8403 + 0.0136
Nguyen et al. 0.7004 = 0.0103 0.0777 £ 0.0672 0.7027 £ 0.0137
Azzopard: et al. 0.7972 + 0.0197 0.2677 £ 0.1169 0.8096 + 0.0146

Proposed System 0.9335 £ 0.0425 0.0842 = 0.0246 0.9351 £ 0.0419

Soares et al. mtroduced a segmentation system that 1s
based on 2D Gabor wavelet transform and pixel’s intensity.
They are presented as a feature vector that i1s taken at
multi-scales for the retinal blood vessels images. The
authors used a Bayesian classifier with class conditional
probability density functions, which are described as Gauss-

1an mixtures, to achieve a fast classification. The Soares et
al. system was tested on the OCTA data sets to compare 1t
with the novel system disclosed herein. The Soares et al.
system achieved accuracy ratings of 81.19+1.08% for DSC,
33.67+6.52% for VDD, and 82.97+0.70% for AUC 1n aver-
age for all tested data sets. The most of the differences
between the results of this system and the GT lie on the
boundaries of the image.

Nguyen et al. proposed a blood vessel segmentation
technique that 1s based on the linear combination of line

detectors at different scales. The Nguyen et al. technique was
tested on the OCTA data sets and 1t achieved 69.45+0.59%

for DSC, 6.07£3.87% for VDD, and 69.56+0.66% for AUC
in average for all tested data sets. The segmented blood
vessels contained many discontinuities. In addition, the
results of the retinal deep map lose many details of vessels.

Azzopardi et al. implemented an automatic retinal blood
vessel segmentation system based on the B-COSFIRE filter.
It calculated the weighted geometric mean of the result of
Difference of Gaussian (DoG) filters to obtain orientation
selectivity. In addition, 1ts supports were aligned in a col-

linear manner. This system was tested on the OCTA data
sets, and 1t achieved 78.33+1.19% for DSC, 34.12+7.13%

for VDD, 80.11x£0.96% for AUC and 1n average for all tested
data sets. The segmented blood vessels contained many
discontinuities. In addition, some large vessels were classi-
fied as background, as shown 1n FIG. 7.

In comparison the retinal blood vessel segmentation sys-
tem disclosed herein achieved 95.04+3.75% for DSC,
8.51x1.49% for VDD, 95.20+1.52% for AUC 1n average for
all tested data sets. The results reflect the high accuracy of
the proposed system and show that the system outperforms
the other tested systems.

To highlight the importance of applying RDHE and
GGMRF models, FIG. 9 displays the results of performing
the disclosed segmentation approach on OCTA 1mages with
and without these models. FIG. 9(a) shows the original
image, FIG. 9(b) shows the image without applying RDHE
and GGMRF models, and FIG. 9(c) shows the image with
applying RDHE and GGMRF models. The image without
RDHE and GGMRF models achieved 54.56% for DSC,
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58.33% for VVD, and 56.71% for AUC. The image with
RDHE and GGMRF achieved 96.04% for DSC, 7.95% {for
VVD, and 96.18% for AUC. In addition, the most of the
small vessels are lost in the segmented 1image (FIG. 9(b))
without the enhancing stage.

Feature Extraction and Diagnosis

In some embodiments, a computer aided diagnostic
(CAD) system performs the above-described segmentation
processes, and extracts retinal features correlated with a
specific disease state. These extracted retinal features are fed
into a support vector machine (SVM) classifier with radial
basis function (RBF) kemel to detect changes 1n the retinal
vasculature, which classifies patients as being either normal
state or disease state based on the extracted retinal features.
The SVM classifier 1s a supervised learning model, a
machine learning technique that analyzes data for classifi-
cation based on a set of training examples (e.g., OCTA
images manually labeled as normal state or diabetic ret-
inopathy state), and builds a model to assign new examples
to one category or the other. In an exemplary embodiment,
the feature extraction stage extracts the local density of
retinal blood vessels, the caliber of retinal vessels, and the
size of the foveal avascular zone (FAZ), each of these
teatures having pathophysiological relevance to DR.

The diagnosis of DR required a detailed analysis of the
vasculature to track pathological changes in the retinal
vasculature. We calculated the local density of blood vessels
in both superficial and deep retinal maps to capture these
changes. A Parzen window technique was used to estimate
the local vascular density. This technique was implemented
to estimate the density probability distribution p(r) of blood
vessels from the segmented OCTA 1mages in specific win-
dow size. To ensure that the system was not sensitive to size
of the window, the density of the blood vessels was esti-
mated using a sequence of Parzen window sizes (3x3, 5x5,
77, 9x9 and 11x11 pixels). Blood vessel densities for each
window were represented as a cumulative distribution func-
tion (CDF) (F(r.)). CDF 1s the probability of the variable that
takes a value less than or equal to r_, as represented by the
equation Fr(r_ )=P(r=r_). The resulting CDFs are used as
discriminatory features, which were fed to the SVM classi-
fier to diagnose the processed 1images as either being normal
state or DR.

The second extracted feature set from the segmented
OCTA scans was the diameter, often referred to as the “size”
or “caliber,” of the retinal vessels. The goal of this feature
extraction 1s to distinguish large and small blood vessels
depending on the appearance and intensity level of the
vessels.

The third feature extracted was the diameter, often
referred to as the “size,” of the FAZ. An enlargement of the
zone 1s usually found in patients with DR because of the loss
of capillaries 1n the perifoveal capillary network. FIG. 10
depicts original OCTA 1mages, images segmented according
to the disclosed method, and the extracted FAZ areas for
superficial and deep maps, and for normal case and mild DR
case patients. After extracting the FAZ, the distance map was
calculated to represent the segmented area as a local feature.

The final stage in the proposed CAD system was the
diagnosis stage, which 1s responsible for the classification of
OCTA mmages ito mild DR and normal cases. This stage
was based on the three atorementioned extracted features,
the local density of retinal blood vessels, the caliber of
retinal vessels, and the size of the FAZ. The diagnosis stage
was tramned and tested on five different combinations fea-
tures: individual CDF curves of blood vessel density of the
superficial or deep retinal plexuses; the combined CDF
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curves from both superficial and deep retinal plexuses; the
combined CDFs for vessel density from both plexuses plus
vessel calibre; the combined CDF curves from both plexuses
plus FAZ size; and the combined CDFs from both plexuses
plus vessel calibre plus FAZ size. The proposed CAD
system employed the SVM with RBF kernel technique to
classily the OCTA images.

The performance of the proposed CAD system was evalu-

ated using five diflerent metrics: accuracy (ACC), sensitiv-
ity, specificity, area under the ROC curve (AUC) and the
dice similarity coeflicient (DSC). ACC 1s defined as ACC=

(TP+TN)/(TP+TN+FP+FN), where TP 1s true positives, TN
1s true negatives, FP 1s false positives, and FN 1s false

negatives. The gold standard, or ‘ground truth’, for deter-

mining accuracy of each diagnosis made by the CAD system
was the clinical diagnosis made by the patient’s attending
retinal specialist on examination. Three cross-validation
techniques were used, specifically, leave one subject out
(LOSO), twotold cross-validation and fourfold cross-vali-
dation. In addition, the system compared our proposed
system with five diflerent state-of-the-art classifiers, which
are SVM with linear kernel, SVM with polynomial kemnel,
K-nearest neighbor (KNN), classification tree and random
forest techniques.

The CAD system was trained and tested on 3530 images
from 106 patients (23 datasets for normal cases and 83
datasets for mild DR cases). Average age of subjects was 62
years (range 31-79 years, SD 17.2), 53% were women and
all were DMII. Nine subjects were excluded due to poor
quality images that could not be analysed. In 52 patients, we
had full access to complete medical histories and laboratory
values. Among these 32 patients, the mean duration of
diabetes was 11 year (range 0-26 years, SD 6.3), mean
haemoglobin Alc was 8.9% (range 6.1-13.4, SD 2.4), preva-
lence of systemic hypertension was 84% and prevalence of
hyperlipidaecmia was 69%.

The CAD system (using the SVM classifier with RBF
kernel) achieved the greatest accuracy as compared with
other classifiers. In addition, Parzen window of size 11x11
produced superior results over smaller window sizes. When
using the superficial retinal map alone, accuracy was 80.0%,
sensitivity 87.2%, specificity 65.2%, AUC 76.2% and DSC
85.4%. Using the deep retinal map alone produced superior
results to that of the superficial map. Its accuracy was

91.4%, sensitivity 95.7%, specificity of 82.6%, AUC 89.2%
and DSC 93.8%. The best results were achieved when blood
vessel density of the superficial retinal plexus was combined
with that of the deep retinal plexus, the size of the FAZ for
both plexuses and vessel caliber for both plexuses. When all

of these features were combined, accuracy was 94.3% (95%
CI 71.4% to 94.3%), sensitivity 97.9% (95% CI 78.7% to

97.9%), specificity 87.0% (95% CI 47.8% to 87%), AUC
02.4% (65.4% 10 92.4%) and DSC 95.8% (79.6% to 95.8%).

Table 5 lists the classification results based on the CDFs,
which are generated from the blood vessel density, vessel
s1ze and the size of the FAZ for both the superficial and deep
retinal plexuses. It lists the results of three different valida-
tion methods, which are LOSO, twofold and fourfold cross-
validation. The best results were achieved by using SVM

classifier with RBF kernel in both twofold and fourfold
cross-validation.
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TABLE 5

Classification results based on the CDFs of blood vessel

density, vessel caliber and FAZ size for both the superficial
and deep retinal plexuses.

ACC  Sens. Spec. AUC DSC
Classifiers Validation (%) (%) (%) (%) (%)
KNN LOSO 92.9 93.6 91.3 92.5 94.6
KNN Twofold 85.7 89.4 783 83.8 &9.4
KNN Fourfold 84.3 89.4 7309 81.6 &84
Classification Tree  LOSO 90.0 95.7 783 87.0 0928
Classification Tree  Twofold 85.7 93.6  69.6 81.6 89.%
Classification Tree  Fourfold 87.1 91.5 783 84.9  90.5
RF LOSO 81.4 83.0 783 87.0 92.8
RF Twofold 80.0 87.2  65.2 76.2 854
RF Fourfold 82.9 85.1 783 81.7 &7.0
SVM (linear) LOSO 90 95.7  78.3 87.0 92.8
SVM (linear) Twofold 87.1 91.5 78.3 84.9  90.5
SVM (linear) Fourfold 81.4 87.2  69.6 78.4  86.3
SVM (polynomial) LOSO 90.0 89.4 91.3 90.3 92.3
SVM (polynomial) Twofold 87.1 894  R2.6 86.0 90.3
SVM (polynomial) Fourfold 87.1 91.5 783 84.9  90.5
SVM (RBF) LOSO 8&.6 95.7 73.9 84.8 91.8
SVM (RBF) Twofold 94.3 100 82.6 91.3 95.9
SVM (RBF) Fourtfold 94.3 97.9 R7.0 924 9358

Various aspects of different embodiments of the present
invention are expressed in paragraphs X1 and X2 as follows:

X1. One aspect of the present mvention pertains to a
method for segmentation of retinal blood vessels comprising,
providing at least one optical coherence tomography angiog-
raphy digital image, the image including a plurality of
pixels; preprocessing the 1image, wherein the preprocessing,
includes calculating a threshold for separating blood vessels
from background in the image; segmenting the i1mage,
wherein the segmenting includes calculating a probability,
based on at least one probability model, that each pixel in the
plurality of pixels depicts a blood vessel or background; and
refining the segmented 1mage; wherein the refiming includes

labeling each pixel as depicting either a blood vessel or
background based on said probability.

X2. Another aspect of the present invention pertains to a
method for diagnosing diabetic retinopathy comprising pre-
processing at least one optical coherence tomography
angiography digital image for a patient, the image including
a plurality of pixels, wherein the preprocessing includes
calculating a threshold for separating blood vessels from
background 1n the 1image; segmenting the 1mages, wherein
the segmenting 1ncludes calculating a probability, based on
at least one probability model, that each pixel in the plurality
of pixels depicts a blood vessel or background; refining the
segmented 1mage; wherein the refining includes labeling
cach pixel as depicting either a blood vessel or background
based on said probability; extracting retinal features corre-
lated with diabetic retinopathy from the 1image; and submiut-
ting the extracted retinal features to a supervised learning
model trained to classity images as normal state or diabetic
retinopathy state; wherein the supervised learning model
outputs a classification of normal state or diabetic retinopa-
thy state for the patient based on the extracted retinal
features.

X3. A further aspect of the present invention pertains to an
article ol manufacture having one or more non-transitory
computer readable storage media storing instructions
thereon which, when executed by a computing device, cause
the device to perform a method comprising preprocessing an
optical coherence tomography angiography digital image,
the 1image including a plurality of pixels, wherein the pre-
processing includes calculating a threshold for separating
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blood vessels from background 1n the 1image; segmenting the
image, wherein the segmenting includes calculating a prob-
ability, based on at least one probability model, that each
pixel i the plurality of pixels depicts a blood vessel or
background; and refining the segmented image; wherein the
refining includes labeling each pixel as depicting either a
blood vessel or background based on said probability.

Yet other embodiments pertain to any of the previous
statements X1, X2 or X3 which are combined with one or
more of the following other aspects.

Whereimn the preprocessing further includes uniformly
distributing grey levels across each image.

Wherein the preprocessing further includes applying a
smoothing factor to improve contrast in the 1mages.

Wherein the preprocessing comprises uniformly distrib-
uting grey levels across each image, calculating a threshold
for separating blood vessels from background in the images,
and applying a smoothing factor to improve contrast in the
1mages.

Wherein the segmenting includes calculating a probabil-
ity, based on a plurality of probability models, that each
pixel in the plurality of pixels depicts a blood vessel or
background.

Wherein the segmenting includes calculating a probabil-
ity, based on a joint probability model generated by com-
bining the plurality of probability models, that each pixel in
the plurality of pixels depicts a blood vessel or background.

The method of claim 10, wherein the segmenting includes
calculating a probability, based on a joint probability model
generated by multiplying a plurality of probability models,
that each pixel in the plurality of pixels depicts a blood
vessel or background.

Whereimn the plurality of probability models include a
prior gray intensity model, a first order intensity model, and
a higher order Markov-Gibbs random field model.

Wherein the refining further includes, after the labeling,
relabeling each pixel as depicting either a blood vessel or
background based on equivalence between said pixel and
pixels neighboring said pixel.

Wherein the at least one optical coherence tomography
angiography digital image 1s a deep optical coherence
tomography angiography digital image and a superficial
optical coherence tomography angiography digital image.

Wherein the extracted retinal features are at least one of
local density of retinal blood vessels, caliber of retinal
vessels, and size of the foveal avascular zone.

Wherein the extracted retinal features are local density of
retinal blood vessels, caliber of retinal vessels, and size of
the foveal avascular zone.

Wherein the supervised learning model 1s a support vector
machine classifier with radial basis function kernel.

Wherein the retinovascular disease 1s diabetic retinopathy,
and wherein the disease state 1s diabetic retinopathy state.

The foregoing detailed description 1s given primarily for
clearness of understanding and no unnecessary limitations
are to be understood therefrom, for modifications can be
made by those skilled 1n the art upon reading this disclosure
and may be made without departing from the spirit of the
invention. Although specific spatial dimensions are stated
herein, such specific quantities are presented as examples
only.

What 1s claimed 1s:

1. A method for segmentation of retinal blood vessels
comprising;

providing at least one optical coherence tomography

angiography digital image, the image including a plu-
rality of pixels;
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preprocessing the image, wherein the preprocessing
includes calculating a threshold for separating blood
vessels from background in the 1mage;

segmenting the image, wherein the segmenting includes

calculating a probability, based on at least one prob-
ability model, that each pixel 1n the plurality of pixels
depicts a blood vessel or background; and
relining the segmented 1mage;
wherein the refining includes labeling each pixel as
depicting either a blood vessel or background based on
said probability and, after the labeling, relabeling each
pixel as depicting either a blood vessel or background
based on equivalence between said pixel and pixels
neighboring said pixel.
2. The method of claam 1, wherein the preprocessing
turther includes uniformly distributing grey levels across
cach 1mage.
3. The method of claim 1, wherein the preprocessing
turther includes applying a smoothing factor to improve
contrast in the images.
4. The method of claim 1, wherein the preprocessing
comprises uniformly distributing grey levels across each
image, calculating a threshold for separating blood vessels
from background 1n the images, and applying a smoothing
factor to improve contrast in the 1mages.
5. The method of claim 1, wherein the segmenting
includes calculating a probability, based on a plurality of
probability models, that each pixel in the plurality of pixels
depicts a blood vessel or background.
6. The method of claim 5, wherein the segmenting
includes calculating a probability, based on a joint probabil-
ity model generated by combining the plurality of probabil-
ity models, that each pixel 1n the plurality of pixels depicts
a blood vessel or background.
7. The method of claam 6, wherein the plurality of
probability models include a prior gray intensity model, a
first order intensity model, and a higher order Markov-Gibbs
random field model.
8. The method of claim 1, wherein the at least one optical
coherence tomography angiography digital image 1s a deep
optical coherence tomography angiography digital image
and a superficial optical coherence tomography angiography
digital 1image.
9. A method for diagnosing diabetic retinopathy compris-
ng:
preprocessing at least one optical coherence tomography
angiography digital image for a patient, the image
including a plurality of pixels, wherein the preprocess-
ing includes uniformly distributing grey levels across
the 1image, calculating a threshold for separating blood
vessels from background in the image, and applying a
smoothing factor to improve contrast in the 1image;

segmenting the images, wherein the segmenting includes
calculating a probability, based on at least one prob-
ability model, that each pixel 1n the plurality of pixels
depicts a blood vessel or background;
refining the segmented image; wherein the refining
includes labeling each pixel as depicting either a blood
vessel or background based on said probability;

extracting retinal features correlated with diabetic ret-
inopathy from the image; and
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submitting the extracted retinal features to a supervised
learning model trained to classily images as normal

state or diabetic retinopathy state;

wherein the supervised learning model outputs a classi-
fication of normal state or diabetic retinopathy state for
the patient based on the extracted retinal features.

10. The method of claim 9, wherein the extracted retinal
features are at least one of local density of retinal blood
vessels, caliber of retinal vessels, and size of the foveal
avascular zone.

11. The method of claim 10, wherein the extracted retinal
features are local density of retinal blood vessels, caliber of
retinal vessels, and size of the foveal avascular zone.

12. The method of claiam 9, wherein the supervised
learning model 1s a support vector machine classifier with
radial basis function kernel.

13. The method of claim 9, wherein the segmenting
includes calculating a probability, based on a joint probabil-
ity model generated by combining a plurality of probability
models, that each pixel in the plurality of pixels depicts a
blood vessel or background.

14. An article of manufacture having one or more non-
transitory computer readable storage media storing instruc-

tions thereon which, when executed by a computing device,
cause the device to perform a method comprising:

preprocessing an optical coherence tomography angiog-
raphy digital image, the image including a plurality of
pixels, wherein the preprocessing includes calculating
a threshold for separating blood vessels from back-
ground 1n the 1image;

segmenting the 1mage, wherein the segmenting includes
calculating a probability, based on a joint probability
model generated by combining a plurality of probabil-
ity models, that each pixel in the plurality of pixels
depicts a blood vessel or background; and

refining the segmented 1mage; wherein the refining
includes labeling each pixel as depicting either a blood
vessel or background based on said probability.

15. The article of claim 14, wherein the method further
comprises

extracting retinal features correlated with a retinovascular
disease from the image; and

submitting the extracted retinal features to a supervised
learning model trained to classily images as normal

state or disease state;

wherein the supervised learning model outputs a classi-
fication of normal state or disease state for the patient
based on the extracted retinal features.

16. The article of claim 15, wherein the retinovascular
disease 1s diabetic retinopathy, and wherein the disease state
1s diabetic retinopathy state.

17. The article of claim 15, wherein the extracted retinal
features are at least one of local density of retinal blood
vessels, caliber of retinal vessels, and size of the foveal
avascular zone.
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